, lead to exponential increase in interactions as both genotypes and 1 0 1 difficult to correct using statistical methods. Such errors are mainly due to mislabeling, hence 1 0 2 misclassification of study genotypes in different experiments which may also be presented as GE Sweetpotato is an important crop for food and nutrition security especially in sub-Saharan 1 0 6
Africa (SSA). Having a complex, autohexaploid, genome ensured that genomics-assisted 1 0 7
breeding has lagged behind for this crop. However, global efforts are now in place to ensure that 1 0 8
new breeding tools such as genomic selection and marker-assisted selection are applied to 1 0 9 benefit small-holder farmers and consumers of sweetpotato in SSA. In the current study we 1 1 0 aimed to answer the following questions: i) how much mislabeling can be expected through would be the implications of such findings on designing a genomics-assisted breeding strategy 1 1 5 for sweetpotato. We use two case studies and simulation based on data from some of the 1 1 6 sweetpotato populations being used for genetic studies in preparation for deploying genomics- were grown under terminal drought and control (optimal) treatments as described for Peru. They All the 315 genotyped progeny and parents were evaluated in Peru and Uganda. In Ghana, due to problems in multiplication, subsets ranging from 238-270 genotypes were purposes of this case study, we used only the total storage root yield in tons per hectare (rytha), 2 4 8 for two reasons: First this trait is easier to standardize measurement across the different trials 2 4 9 without introducing too much bias. It is measured by weighing all storage roots per plot 2 5 0 regardless of whether they are of marketable size or not. Separating roots into marketable and 2 5 1 non-marketable size creates subjectivity as there is not an automated way and breeders in these 2 5 2 regions use an estimation (i.e. anything less than 100g is non-marketable and vice-versa, which 2 5 3 is subjective as the size is by visual estimation). Secondly, because storage root yield is our 2 5 4
primary trait in addition to other quality attributes. Our objectives were: i) to calculate genetic 2 5 5 correlations between pairs of environments; ii) to define mega-environments among the study 2 5 6 test sites; iii) to map QTL within and between mega-environments; iv) to simulate different 2 5 7
proportions of misclassification through permutation, and missingness to estimate their effects on 2 5 8 QTL detection. The raw data used in this analysis is presented in Supplementary Table 3 . to trials with a higher heritability. Based on the genetic correlations between environments 2 7 4 estimated using this fitted mixed model, mega-environments were determined. Finally, and in a 2 7 5 similar way, a mixed model was fitted using only estimated genotype means from the 2 7 6 environments belonging to a mega-environment, which was then used for inference about that 2 7 7 specific mega-environment. The genetic variances of, and the genetic correlations between, 2 7 8 environments belonging to a certain mega-environment were estimated, and best linear unbiased were then used in QTL mapping. Genotyping of the mapping population was done using the GBSpoly protocol optimized for The genetic linkage map is available interactively at https://gt4sp-genetic-2 8 9 map.shinyapps.io/bt_map/. The QTL analysis was done following the random effect model single environments (SE) within mega environments (ME) was carried out based on the BLUEs 2 9 2 from the first analytical stage of the two-stage mixed model analysis described above. QTL 2 9 3 analysis at the ME level was carried out using BLUEs from the second analytical stage. Simulations to compare effects of missingness vs misclassification on QTL mapping 2 9 5
In order to assess the detection rate of previously identified QTL, we performed QTL analyses 2 9 6
with increasing proportion of randomly permuted individuals, to represent misclassified 2 9 7 individuals (200 simulations each at 10%, 20%, 30%, 40% and 50%) using rytha and flesh color 2 9 8 (FC) adjusted means. The simulations were based on data from Peru only whose quality had with missing data and carried out new QTL analyses on these reduced samples to represent 3 0 2 missingness. We chose to include flesh color together with rytha in the simulation study to Peru which had a field map for rows and columns to allow for some spatial adjustments, as 3 1 4 compared to Ghana and Uganda which did not. We dropped Kac17 and Nya16 from further 3 1 5 analysis after preliminary analysis showed that the yields of these trials were extremely outlying, 3 1 6 relatively low and high respectively, compared to the other trials in the same country. based on BLUPs ( Figure 6A ). Additionally, correlations among BLUPs for the 18 environments BLUPs of ME2. Genetic correlations among pairs of environments were low-to-moderate 3 2 8 ranging from r = 0.29 to r = 0.65 in ME1 (five Ghana environments; Figure 6C ) and moderate- to-high, ranging from r = 0.37 to r = 0.99 in ME2 (nine environments from Peru and Uganda;
Quantitative trait loci (QTL) analysis
Analyzing for QTL within the two mega-environments captured only one QTL for ME2 on observed variation in rytha across the ME2. Consequently, we analyzed for QTL for the single 3 3 5 environments in ME2. Four distinct QTL were identified for SEs in ME2: one QTL was on LG 3 3 6 3, one on LG 13 and two on LG15 ( Figure 7B ; Table 1 ). The second QTL on LG 15 was 3 3 7 associated with Nam16, an environment in Uganda, while the rest of the QTL were associated 3 3 8 with environments from Peru ( Table 1) . Individual QTL explained between 10.9 and 22.1% of 3 3 9 the total observed variation for rytha ( Figure 5) .
For missing data proportions, LOP was still consistently high (Supplementary Figure 6) . Due to sampling error and lack of a genome-wide type-I error control, the number of false positives 3 6 3
(putative QTL outside the support intervals of QTL previously reported) increased slightly as the 3 6 4
proportion of missing data also increased in comparison to permuted data ( Table 3) . Experimental noise is detrimental to studies seeking to combine phenotypic and genomic data 3 7 0 such as QTL analysis, genome-wide association mapping and genomic selection. In Case Study 3 7 1 1, we found 27.7% error due to mislabeling from in vitro, screenhouse and field, and 22.7% error 3 7 2 for mislabeling between and within families. The difference between the two errors is that the field regardless of family assignment, whereas the former looks at clustering based on family 3 7 5 assignment. Effects of genotype mislabeling have been reported in humans, animals and plants. humans, a 39-fold more sample size was required if the mislabeling error was 5%. Long et al. genetic gain when using phenotypic BLUPs, for litter size, backfat and average daily gain, 3 8 0 respectively, in pigs. This implies that the degree of sensitivity to pedigree errors are also QTL detection was in fact more severely impacted for traits with lower heritability, like rytha, 3 8 4 compared to high heritability traits like FC, when permuted data was simulated ( Mislabeling between families is also expected to have a negative effect on predictions 3 8 7 especially in breeding programs where full-sib and half-sib family means are used in selection. In pigs, it was shown that 20% pedigree errors reduced genetic gain by 7.0, 2.5 and 7.5% in litter 3 8 9 size, backfat and average daily gain, respectively, when using family means for selection (Long as it will allow to explore such tolerant methods for breeding value prediction in future analyses 4 0 0 and decisioning. (Vargas et al., 2006) . The only QTL of ME2 was mapped before in a combined Eeuwijk et al., 2010), we did not observe different QTL for the two MEs, rather, there was no 4 2 3 significant QTL for ME1. Additionally, significant adaptive QTL were mainly identified for the 4 2 4 environments from Peru. We therefore hypothesize that since population development and DNA environments. This would lead to phenotypes from some of the environments not matching 4 2 8 entirely with the genotypic data, consequently resulting in lack of association between the trait 4 2 9 and the markers, as demonstrated by simulations. This hypothesis is also supported by the fact 4 3 0 that zero correlation was observed between some environments in Uganda and Ghana with the 4 3 1 rest of the environments in the same country, at the single environment (SE) analysis step. showed that although missingness slightly reduced predictive ability as proportions of missing 4 6 0 data increased, the selected fraction was not much affected in genomic prediction of maize 4 6 1 hybrids. Contrastingly, misclassification has more dramatic effects even for simple traits. for proper attention in breeding trials to enhance increased genetic gains. phenotypes with the respective genotypes using two case studies, and simulated data. Since breeding programs are moving more and more into genomic selection, genetic gain from such 4 7 5 breeding activities will depend on the accuracy of predicting untested genotypes. Several 4 7 6 methods have been proposed to help improve such prediction accuracy and could be adopted for 4 7 7 sweetpotato breeding. Modeling of GE interaction and spatial adjustment using mixed models is breeding and trialing populations should be adopted and applied routinely. The SNP data used in Case study 1 and the phenotypic data used in Case study 2 are submitted 5 1 2 together with this manuscript, as Supplementary Table 1 and Supplementary Table 2 , and approved the manuscript. Biscarini, F., Nazzicari, N., Broccanello, C., Stevanato, P., and Marini S. (2016) . "Noisy beets": https://doi.org/10.1186/s12919-018-0134-9. Covarrubias-Pazaran, G., Schlautman, B., Diaz-Garcia. L., Grygleski, E., Polashock. J., et al. USI=Upper support interval, h 2 =heritability od the QTL, i.e. %variation explained by QTL. LG=linkage group, QTL=quantitative trait loci, rytha=total root yield in tons per hectare, 
